Introduction
Dedifferentiated liposarcoma (DDLPS) is one of the most common subtypes of soft tissue sarcoma. The biological behavior of DDLPS is highly aggressive, marked by a propensity for local tissue invasion and distant metastasis. 1 Even in cases where extensive "curative" surgery is performed, local recurrence rates of 40%-80% are reported. 2 It is also reported that ~14% of DDLPS patients have already developed distant metastasis when they first present. 3 Despite huge innovations in chemotherapy in the past few decades, chemotherapy still has a minimal effect on this disease. In fact, submit your manuscript | www.dovepress.com
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Yu et al currently, other than surgery for early stages of the disease, there are limited options for the treatment of patients with late-stage or recurrent disease. As a consequence, the clinical outcome of DDLPS is very dismal. DDLPS is one of the most deadly malignancies threatening human health.
The dismal clinical outcome of DDLPS is largely attributable to a deficit in knowledge about the disease. Although several studies are available, [1] [2] [3] [4] the molecular mechanisms behind DDLPS have still not been fully grasped. Further research aimed at generating a comprehensive understanding of this disease is urgently needed. Fortunately, advancements in microarray technology have allowed for further elucidation of the molecular mechanisms of DDLPS and for identification of novel diagnostic biomarkers and treatment targets. In this study, we downloaded microarray profiles of 46 DDLPS samples and nine non-cancerous fat control samples from the Gene Expression Omnibus (GEO) database and analyzed these data using bioinformatic methods. We identified a set of genes that were significantly differentially expressed in DDLPS and, furthermore, constructed a protein-protein interaction (PPI) network. The enriched, aberrant pathways and hub genes in DDLPS were also identified. These data may help to improve the understanding of DDLPS and substantially impact the diagnosis and treatment of this deadly disease.
Materials and methods
Microarray data
Microarray gene expression profiles from the GSE21124 data set 4 were downloaded from the GEO database (http:// www.ncbi.nlm.nih.gov/geo/). The platform information on these microarray data is as follows: GPL96, Affymetrix Human Genome U133A Array (Affymetrix Inc., Santa Clara, CA, USA). In this data set, the messenger RNA (mRNA) expression of 46 DDLPS specimens and nine normal fat tissue controls was included. This study was approved by the ethics committee of Yancheng Third People's Hospital.
Data preprocessing and identification of differentially expressed genes (DEGs)
First, we performed quality control analysis on the raw data by using the 3′/5′ ratio test and by plotting the RNA degradation curve. 5 Then, we filtered out unwanted noise from the microarray data by normalizing the raw data and correcting the background using the gcRMA 6 package in R. 7 After normalizing, we used hierarchical clustering and principal component analysis (PCA) to assess the differences in gene expression between DDLPS and normal fat controls. 8 Then, the chip data were analyzed using the Linear Models for Microarray data (limma) package 9 in R. In the processing, if multiple probes corresponded to one gene, the average expression values of those probes were calculated and used as the expression value for that gene. 10 After preprocessing, up-regulated and down-regulated genes were identified between the DDLPS specimens and the normal fat tissues. The independent samples t-tests were conducted on the gene expression values between the two groups; those genes with an adjusted P-value ,0.001 and a |log 2 (fold change)| .1 were selected as DEGs. 9 
Functional enrichment analysis of DEGs
After obtaining the DEGs, Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) 11 pathway analyses were conducted for gene annotation and functional enrichment analysis using the online tool Database for Annotation, Visualization and Integrated Discovery (DAVID; http://david.abcc.ncifcrf.gov/). The resulting GO terms and the KEGG pathways with both P,0.05 and false discovery rate ,0.05 were considered significantly enriched in the obtained DEGs.
Constructing the PPI network of DEGs and selecting the hub genes
Genes involved in the same PPI network often work together to perform one biological function. 12 To further investigate the underlying molecular mechanisms of DDLPS, PPI networks for the DEGs were constructed using the STRING database (http://www.string-db.org/). 13 We selected the interactions whose integrated scores were .0.4 (the default threshold in the STRING database) to construct the PPI network. Finally, the obtained PPI networks were visualized using Cytoscape software.
14 To select hub genes from the PPI network, we analyzed the topological structure of the network and calculated the degree for each gene (the number of genes directly interacting with it). 12 Here, we defined hub genes in the network as those genes with degree 10.
Results
Quality control of microarray data sets
Good quality control is fundamental for successful microarray data analysis. The RNA degradation plot is shown in Figure 1 ; all RNA samples were of good quality and showed minimal degradation. Additionally, the results of the 3′/5′ ratio tests presented in Figure S1 confirm that the actin and GAPDH 3′/5′ ratios for the included microarray profiles were ,3, the threshold for good quality data. 5 No bioB alert was found. 
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Gene expression profiles and DEGs
After data preprocessing, a set of 12,442 genes were mapped to probes for each CEL file. Gene expression differences between the DDLPS samples and the normal fat controls
were assessed. As shown in Figure 2 , both the results of PCA ( Figure 2A ) and hierarchical clustering ( Figure 2B ) show that the gene expression pattern of DDLPS is highly different from that of the normal fat control. We further investigated the origin of the difference between the DDLPS samples and the normal fat control by identifying the DEGs. With a threshold of having an adjusted P-value ,0.001 and a |log 2 (fold change)| .1, 700 genes were identified as DEGs in DDLPS. Of these DEGs, 267 genes (38.14%) were up-regulated and the remaining 433 genes (61.86%) were down-regulated. A heat map of these DEGs is presented in Figure 2C .
Functional annotation of DEGs
To classify these 700 DEGs functionally, a total of 83 enriched GO terms and three KEGG pathways were obtained. The ten most enriched GO terms according to the P-value are shown in Table 1 . These GO terms were categorized based on the biological process to which the terms were related, such as response to organic substances, response to a hormone stimulus, response to an endogenous stimulus, oxidationreduction, glucose metabolic processes, response to a steroid hormone stimulus, hexose metabolic processes, regulation of cell proliferation, and monosaccharide metabolic processes. Additionally, there was one enriched GO term related to molecular function, carboxylic acid binding. The three KEGG pathways that were enriched are presented in Table 1 , namely, the PPAR signaling pathway, the pyruvate metabolism pathway, and the cell cycle pathway. The three identified KEGG pathway maps are presented in Figure S2 . 
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PPI network analysis for identification of hub Degs
The constructed PPI network is shown in Figure 3 ; it contains 389 nodes and 738 edges. Each node in the figure represents a DEG, and each edge represents a PPI between the two DEGs. Initially, 21 genes were identified as hub genes with an interaction degree 10. Then, we filtered the hub gene list to only include those genes that were consistently up-or down-regulated in at least 90% of all 46 DDLPS samples. The final 14 hub genes and corresponding degrees are presented in Table 2 . Of these hub genes, APP had the highest degree (96), followed by MDM2 and CDK4, with degrees of 50 and 24, respectively. The hub genes identified in the PPI network analysis may serve as key players in the aberrant signaling pathways of this malignancy and are potential targets for future anti-DDLPS treatment research.
Discussion
DDLPS is one of the most deadly malignancies, with a high incidence of recurrence and metastasis. However, possibly due to its relatively low morbidity, there are few studies focused on this disease and the underlying molecular mechanisms, which are largely unknown. This study was conducted to improve understanding of the disease by using bioinformatic data mining methods. Microarray analysis is a high-throughput technique that can simultaneously detect the expression level of thousands of genes. This technique has made much progress in the last decade. In this study, we conducted a genome-wide expression analysis of 
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Yu et al microarray data from 46 DDLPS specimens and nine normal fat controls downloaded from the GEO database. Before analysis, our quality control test showed minimal degradation of the RNA samples; the data produced from the chip hybridization procedure were of good quality. This made it valid to use the data for further analysis. Between DDLPS and normal fat tissue, a total of 700 DEGs were identified, including 267 genes that were up-regulated in DDLPS and 433 genes that were down-regulated in DDLPS. GO terms and KEGG pathway annotation of DEGs revealed that the DEGs were enriched for several biological processes including PPAR signaling, pyruvate metabolism, and the cell cycle pathway. For the enriched PPAR pathway, our results showed that 16 of the identified DEGs matched the PPAR-γ signaling pathway. All the DEGs included in the PPAR-γ pathway were down-regulated, indicating suppression of the PPAR-γ pathway in DDLPS. Previous studies have shown that the PPAR-γ pathway plays a variety of roles in adipose cell differentiation, metabolism modulation, and the inflammatory response. 15 Genetic studies have indicated that PPAR-γ functions as a tumor suppressor in a variety of tumors other than DDLPS, including tumors of the breast, prostate, and colon. An agonist of PPAR-γ exerts an anti-proliferative effect on various types of tumor cells in vitro and in vivo. 16 Our study reveals that suppression of the PPAR-γ pathway may play a key role in aberrant signal transduction in DDLPS.
Looking at the enriched pyruvate metabolism pathway, up-regulation of the PKM gene and down-regulation of a series of genes including PC, PCK1, and PCK2 may reflect an enhancement of glycolytic activity, with more pyruvate and lactate production and inhibition of oxidative phosphorylation through the tricarboxylic acid cycle. Therefore, an acidic micro-environment within DDLPS was predicted. As is well known, up-regulation of glycolysis, inhibition of the tricarboxylic acid cycle, and an acidic micro-environment all contribute to oncogenesis and cancer cell survival. 17 Therefore, the aberrant pyruvate metabolism pathway we have identified may contribute to the malignant phenotype of DDLPS.
Aberrations in the cell cycle pathway are an important molecular mechanism of oncogenesis and support the uncontrolled proliferation of cancer cells. Dysregulation of this pathway is also well recognized as a hallmark of malignancy. 18 In this study, we identified aberrant up-regulation of CDK4 and MDM2 in .90% of DDLPS samples. CDK4 is a catalytic subunit well known for its important role in accelerating progression through the G1-S phase of the cell cycle. MDM2 is an important negative regulator of the tumor suppressor, p53. 19 Changes in the expression of genes involved in cell cycle, especially up-regulation of CDK4 and MDM2, could accelerate cell cycle progression, support cell proliferation, suppress p53-induced apoptosis, and finally facilitate the malignant transformation of adipose cells into DDLPS cells. Additionally, there were 14 hub genes identified in DDLPS in this study. Of these, eight genes, namely, CDK4, MDM2, CDK1, PCNA, CCNA2, CDKN2A, CDC20, and BUB1B, were all grouped into the cell cycle regulation pathway. This emphasizes the importance of aberrant cell cycle regulation in DDLPS. More importantly, copy number segmentation of the 12q13 locus revealed an overwhelmingly constant copy number gain of CDK4 and MDM2 in DDLPS. 4 This shows that the up-regulation of both CDK4 and MDM2 may not be downstream consequences of aberrant signaling but may serve as the driving mutation in DDLPS. There has already been one clinical trial testing the effectiveness of a CDK4 inhibitor on DDLPS that has shown favorable results. 1 There are several limitations to this study. First, this study is based on microarray data mining. Post-transcriptional modifications may exist, and the pattern of protein expression may differ from that of mRNA expression in DDLPS cells. Therefore, further confirming studies are necessary. Second, the threshold we set for considering a gene differentially expressed may not be stringent enough. On the other hand, in a living cell, every biochemical reaction is meticulously regulated; therefore, some DEGs may not satisfy the threshold we set but nonetheless serve as key regulators in DDLPS. In this way, our DEG derivation may risk missing some important information in delineating the elaborate molecular mechanisms regulating DDLPS. Third, some enriched pathways and hub genes were identified in this study; however, the relationships between and the hierarchical processes within them were not fully elucidated. In an effort to identify the underlying molecular mechanisms of DDLPS and finally conquer this deadly disease, further studies are warranted.
Conclusion
The microarray data used in this study were confirmed as being of high quality. Based on microarray profiles generated from DDLPS and normal fat controls, this study identified a set of core genes and pathways that are altered in DDLPS compared to normal fat tissue. Hub genes that we have identified as significantly enriched include APP, MDM2, CDK1, PCNA, TKT, CDK4, CDC20, BUB1B, BARD1, ADRB2, LGALS3, CAV1, CCNA2, and CDKN2A. The pathways identified as enriched in DDLPS are the pyruvate pathway, cell cycle
